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Abstract 
The aim of this study is to find statistical methods able to support and to help banks to identify their customers’ characteristics 
that might influence their (dis)loyalty in portfolio choices. In the first step, cluster analysis is used to identify the main customer's 
features. In the second step, in order to pinpoint these factors, survival analysis and logit regression are used jointly, based on the 
dataset of "Banca Popolare di Puglia e Basilicata". Survival analysis aims to estimate, in terms of time, the desire of customers to 
benefit from banking services in portfolio choices. Finally, logit regression aims to describe the potential unfaithful customer. 
© 2014 The Authors. Published by Elsevier B.V. 
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1. Customer Satisfaction vs. Customer Loyalty 
The actual financial crisis is putting banks through the wringer. In USA and Europe the financial breakdown has 
been avoided by public interventions directed to insure deposits and bank liabilities and to safeguard the survival of 
banks thanks to the influx of public capital (e.g. the bank Monte dei Paschi di Siena, Italy, 2012). Therefore, if the 
financial crisis is the objective cause of reduction of bank profitability, it's also the cause of customer’s distrust in 
banks. In a dynamic and more competitive context than in the past, it's necessary to revise the current marketing 
management techniques that should aim at providing a lasting and optimal relationship with old customers. In fact, if 
customers are satisfied with bank saving management, they will be more inclined to benefit as much as possible by 
what the bank offers. It can easily understand how the increase of satisfaction is directly correlated to greater 
customer loyalty (i.e. Customer Satisfaction ↔ Customer Loyalty). In financial services, especially regarding 
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portfolio choices, investors' decisions are characterized by a marked multi-dimensionality, i.e. a set of variables 
related to each other, which, both individually and jointly, influence the final choices of the investors. The 
characteristic of the multi-dimensionality is generally amplified because investors, not knowing the final result, are 
subject to a risk that cannot be quantified exactly a priori, but only estimated on the basis of previous observations. 
In portfolio choices, stock selection is not only based on their expected returns and their volatility, but also on the 
risk attitude of the investors, which, unless they have a good experience in the field of trading, generally rely on a 
financial intermediary. Since the aim of the bank is to maximize profits, according to the Customer Satisfaction 
Management (CSM), profits depend not only on factors x1, x2,...,xn but also on customer satisfaction (Sc), that is 
P=f(x1, x2,…,xn,Sc). The CSM, therefore, focuses its attention on the quality of the relationship between bank and 
customer, and if it is well achieved and maintained over time, it will lead to the maximization of customer 
satisfaction and profitability of the bank. The CSM expects to achieve its primary purpose through a process 
consisting of three steps: 
x Know your customer: the bank wants to have all information about customers according to their attitude towards 
risk, financial experience and knowledge of financial products; 
x Management of relationships with customers: here there’s portfolio theory, e.g. Markowitz theory or CAPM 
theory and continuous information to customers about the performance of stock portfolio; 
x Ex-post check: the bank, at a specified date and always with a view to customer knowledge, analyzes all those 
(latent) factors, that could have influenced the relationship (alive or extinct) between itself and customers. 
In this study, attention is paid on customer’s knowledge and on ex-post check. The BPPB’s (Banca Popolare di 
Puglia e Basilicata) dataset was used, concerning to customers who filled in the MIFID questionnaire. 
2. Know Your Customer 
First of all, the BPPB must know all the characteristics of its customers, in order to protect and to offer an optimal 
service in portfolio choices. That is why the financial intermediary administers a questionnaire, which must be 
structured according to specific provisions of the law given by the MIFID1. Therefore, cluster analysis was used to 
delineate the main customer characteristics (Know Your Customer). First, the hierarchical algorithms Ward method 
and Centroid method (see Lis and Sambin, 1977; Delvecchio, 2010, Ward, 1967) were used to pinpoint the optimal 
number of clusters (k=4); then the K-means method was applied to identify the internal characteristics of each 
cluster2. Using all polytomous variables included in BPPB's profile (Financial experience, Investment aim, Temporal 
objectives, Financial position, Risk profile), four kinds of customers were obtained: 1) aggressive; 2) prudent, 3) 
dynamic; 4) wise. The first kind of customer aims mainly to increase his capital, has high financial experience and 
risk attitude, and middle-long time objectives, while the second aims to manage his monetary liquidity, having 
middle (or low) financial experience, low risk attitude and short time objectives. The dynamic customer has the same 
investment aims and financial experience than the prudent one, but middle time objectives and middle risk attitude. 
The last is more similar to the aggressive customer, having middle time objectives, middle (or high) risk attitude and 
high financial experience, but aims to supplement his own income. 
 
 
1 See the Directive 2004/39/EC of the European Parliament and of the Council of 21/04/2004. 
2 K-means is a simple unsupervised algorithm to classify a dataset through a given number k of clusters, providing more homogeneous 
partitions with respect to hierarchical methods (Forgy, 1965; MacQueen, 1967). The algorithm works recursively: 
1. First, the procedure defines k points, named “centroids”, in the m-dimensional space (identified through the m variables taken into the 
analysis), which represent the initial group centroids. The better choice is to place them as much as possible far away from each other; 
2. Then, each object of the database is joined to the closest centroid, that is the centroid whose m coordinates are more similar to the values of 
the m variables of the given object. When all objects have been assigned, the procedure goes on to the next step; 
3. The algorithm re-calculates k new centroids as barycenters of the clusters resulting from the previous step. If the new centroids are different 
from the previous ones, the procedure repeats the 2nd and the 3rd steps (that is, a new binding between the same data set points and the nearest 
new centroid, and then a further re-calculation of the centroids), else it records the cluster membership of each object and stops. 
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     Table 1. Customer characteristics. 
BPPB profile variable Aggressive Prudent Dynamic Wise 
Financial experience High  Medium Medium High 
Investment aim Increase capital Manage monetary liquidity Manage monetary liquidity Income supplement 
Temporal objectives Medium-Long Short Medium Medium 
Financial position Medium-High Medium Medium Medium 
Risk profile High Low Medium Medium-High 
3. Ex-post check 
3.1. The estimate of bank customer (dis)loyalty in terms of time 
In order to study customer satisfaction, in a first step the customer loyalty can be evaluated using survival 
analysis, because the time of permanence in the bank service can be considered as a proxy of customer loyalty. 
Supposing T a continuum variable (that describes the “survival times” of customers) with p.d.f. f(t) and c.d.f. 
F(t)=P(T≤t), the probabilities that a customer will not sign the contract with the bank in an infinitesimally small time 
period [t, t+ Δt) and, respectively, that a customer will wish to continue to benefit the bank service after the time t 
are given by the Hazard function h(t) and the survival function S(t) 
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P t T < t+ t | T t
h t = lim
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d ' t
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where the function H(t) is defined as the cumulative Hazard function. In this study, the Kaplan-Meier method was 
used in order to estimate the survival function S(t) and the cumulative risk function H(t). This method was preferred 
to others, because:  
x it’s a non-parametric method: data (and so S(t) and h(t)) have any particular characteristic structure in terms of 
probability and so all information can be used; 
x it’s solves an important problem not considered by common actuarial techniques: the presence of time intervals 
that contain no deaths (in this case, extinct bank relations), that would lead to zero the probability of failure; 
x it’s not possible to assume that in each time and for each covariate the risk function hi(t) will be proportional to 
the risk baseline function h0(t). By the way, for this cause the semi-parametric Cox model cannot be applied. 
Given an observed period, if it is quite long the Kaplan-Meier method will divide it into p sub-intervals (whose 
amplitudes are not equal among them), each beginning with the event under study (death, or, in this case, extinction 
of the bank contract) and ending in an instant just before a new event occurs. So, let ti the ith sub-intervals, while di 
and ni are the number of failures (deaths) at time ti and, respectively, the numbers of individuals “alive” (at risk) just 
before time ti, including those who will “die” at time ti; now the estimate of S(t) and of H(t) at time t will be 
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with ti ≤ t < ti+1  and  i=1,…,p. Of course, the BPPB is interested in estimating not only how much in terms of time 
its customers will want to take advantage of the service offered to them, but also what “kind” of customers will be 
more likely to be faithful, according to their characteristics. So, the estimates of S(t) and H(t) will be done for each 
BPPB's profile variable and, due their polytomous characteristics, it will be possible to compare the customer 
survival times for each category in each time. This comparison will allow the bank to understand if the possible 
differences among groups will be imputable to the real characteristics of each group or to just mere cause (Collett, 
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1994). An extremely simple comparison was based on the graphical analysis of the survival functions according to 
the various selected groups. However, in order to understand possible differences in the survival times, in this study 
two non-parametric tests were used: 1) the Mantel-Haenzel test, also known as “log-rank test” (Mantel, 1966); 2) the 
Wilcoxon test, also known as “Breslow test” (Breslow, 1974). Both tests compare the estimates of the hazard 
functions of  m  groups at each observed time, with some difference in the applicative hypothesis.  
In the case of m > 2 groups, if t1 < t2 < ... < tp are the p distinct times of death observed in the total sample, the 
data can be structured in the way described in Table 2. 
                   Table 2. Classification of deaths and survivors. 
Outcome at time ti 
Group 
Total 
1 2 … j … m 
Deaths d1i d2i … dji … dmi di 
Survivors n1i - d1i  n2i – d2i … nji – dji … nmi – dmi ni - di 
Total n1i n2i … nji … nmi ni 
 
If the marginal totals are fixed, only m – 1 values will be independent and the remaining values will be obtained 
by difference. Therefore, if values d1i, d2i,...,dm-1,i are independent, for the jth group, the dji will be considered such as 
a determination of a hypergeometrical random variable Dji with mean μij and variance vij 
  jiji ji i
i
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n
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Of course, in this case it’s assumed that survival probabilities are the same in all groups and, therefore, the values 
di at the time ti are proportionally distributed in all m groups with respect to the number at risk. Both log-rank and 
Wilcoxon tests aim to verify the following hypothesis system (Kleinbaum and Klein, 2012): 
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The log-rank test assumes the proportional risk of death among groups (that is, when survival curves don’t 
intersect, except in the start and end points). So, in the case of two groups, it is assumed that h1(t)=βh2(t), with β > 0 
but β≠1, because H0 will be directly accepted if β=1; then the following equivalence exists (Lehmann alternative) 
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This is a necessary and not a sufficient condition. In fact, the estimated survival curves could intersect among 
themselves, even if in the orginal populations hazard fuctions are propotional.  
The Wilcoxon test is similar to the log-rank test, but it doesn’t assume the proportional risk of death among 
groups: so it is a more general test with respect to the first. In fact, the first test is more sensitive to evident 
distributional differences late in time, while the second test is more sensitive to evident distributional differences 
early in time3. The Mantel-Haenzel and the Wilcoxon statistical tests can be written in quadratic forms as  
T 1
MH MH MHMH Σ
 u u     and    T 1W W WW Σ u u , 
 
 
3 In terms of graphics, this means that if risk curves intersect among them, the Wilcoxon test will be considered, otherwise the log-rank test. 
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where the generic terms of vectors uMH and uW and of variance-covariance matrices ΣMH and ΣW are for j=1,2,...,m-1  
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Therefore, under the null hypothesis H0 = “no differences among m groups in terms of survival times” (in this 
study m = 3), the Mantel-Haenzel and Wilcoxon statistical tests follow the chi-squared distribution4 with m – 1 d.f. 
 T 1 2MH MH MH 1MH Σ ~ mF  u u    and    T 1 2W W W 1W Σ ~ mF  u u  
Given α, if values of these empirical formulas are less than the 2 1,m DF   the null hypothesis will be accepted. 
3.2. Results of survival analysis 
The period of analysis for each customer begins at the date of signing the contract until the 1st quarter 2010.  
Using all polytomous variables of BPPB's profile, it follows that: 
x according to Financial experience (see Fig. 1), the probability to be unfaithful seems to be higher for customers 
who have a higher financial experience. In terms of time, the customers with higher financial experience seem to 
have higher probability to extinct their contract than those who have a medium and low experience. However, 
Table 3 shows that customers with different financial experience have most likely the same probability to be 
loyal (or unfaithful), because the p-value of both tests is higher than the given value α=0.05; 
x according to Investment aim (see Fig. 1), the probability to be unfaithful is higher for those who have an income 
supplement aim. In terms of time, the customers with aim of income supplement have higher probability to 
extinct their contract than others. Besides, it's likely to suppose that, on the basis of different investment aims, 
customers have different probability to be loyal (or unfaithful), because p<0.05 in Table 3; 
x according to Temporal objectives (see Fig. 1), the probability to be unfaithful is higher for those who want to 
invest in long time. In terms of time, the customers with long time objectives have higher probability to extinct 
their contract than others. Also in this case, it's likely to suppose that customers with different temporal 
objectives have different probability to be loyal (or unfaithful), because p<0.05 in Table 3; 
x according to Financial position (see Fig. 2), the probability to be unfaithful seems to be lower for customers who 
have a lower financial position. In terms of time, customers with low financial position show a lower probability 
to extinct their contract with the bank than others. However, it's likely to suppose that customers with different 
financial positions have the same probability to be loyal (or unfaithful), because p is strongly >0.05 in Table 3; 
x according to Risk profile (see Fig. 2), the probability to be unfaithful seems to be lower for customers who have 
low risk attitude. In terms of time, the customers with low attitude towards risk seem to have a lower probability 
to extinct their contract than the others. Also in this case, however, it's likely to suppose that customers with 
different risk attitudes have the same probability to be loyal (or unfaithful), because p>0.05 in Table 3. 
So, according to Table 1, it’s possible to assume that indicatively the aggressive customer has a greater 
probability to become unfaithful before other. Now it is necessary to say that actual samples lacks in this analysis, 
 
 
4 Under the null hypothesis H0, deaths are time-independent and the uMH~Nm-1(0, ΣMH). So uMH (ΣMH)-1/2~ Nm-1(0,1), but 2 1MH ~ mF  . The 
same case for W, without assumption of hazard’s proportionality. 
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because data are referred to a sub-population (bank relationships which started in a specific period of time). 
However, in order to provide inferential tests, the survival analysis considers data as determinations of a time series 
with indefinite length (and in fact the survival relationships at the end of the observed period are still evolving, and 
no certainty exists about their further evolution). For such cause, in this analysis also the β error (i.e. the probability 
of accepting the null hypothesis when it is false) should be taken into account: it is very high when samples have a 
small size. The size of the "sample" here studied, however, ensures a reduced error β (less than 10%) in 
correspondence with the chosen level of statistical significance α=0.05. 
Financial experience 
 
Investment aim 
Temporal objectives 
Fig. 1. Estimate of survival function S(t) and cumulative Hazard function H(t) 
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Financial position 
 
Risk profile 
 
Fig. 2. Estimate of survival function S(t) and cumulative Hazard function H(t) 
          Table 3. Mantel-Haenzsel test and Wilcoxon-Breslow test*. 
Test χ2 d.f. Sign. 
Financial experience 
Wilcoxon-Breslow 4.937 2 0.085 
Investment aim 
Mantel-Haenzsel 13.374 2 0.001 
Temporal objectives 
Mantel-Haenzsel 10.686 2 0.005 
Financial position 
Mantel-Haenzsel 1.939 2 0.379 
Risk profile 
Wilcoxon-Breslow 0.440 2 0.802 
* Given the lack of hazard’s proportionality in some graphical  
analysis, each variable was tested in the proper way. 
3.3.  Bank customer (dis)loyalty depends on some profile variables 
Of course, the bank wants also to understand what factors have influenced the customer’s disloyalty, in order to 
provide its corporate governance programs whose aims are to improve customer knowledge and to give greater care 
and attention to his behavior and choices, so as to prevent its unexpected behavior. Since until now the 
survival/failure condition (equivalent at the satisfied/unsatisfied condition) at time t has been studied, it’s logical to 
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express this status also by a dichotomous variable “extinct”, where observations occur in one of two possible states: 
0={contract’s prosecution} and 1={contract’s extinction}. In this way, in order to estimate the influence of each 
variable on the (dis)loyalty status,  a logit regression5 was used, 
    
6
0 j j
j=1
logit = log b + b x ,
1
SS S
ª ºª º  « »¬ ¼ « »¬ ¼ ¦
x
x
x
   (2) 
where x  IR6 is the vector composed by the age of customers and by their BPPB’s profile polytomous variables.  
In order to have better representative results the exact Fisher test at α = 0,05 was used to identify the best 
significantly statistical variables correlated with the variable extinct, that are: Age, Investment aim and Temporal 
objectives. Furthermore the categories of these two last variables were reduced to two categories and the categories 
of Age was simply inverted, in order to have growing age classes. 
Table 4. New categories of Investment aim and Temporal aim variables. 
BPPB profile variable New categories 
Investment aim 
Income supplement 
Management Monetary Liquidity  Increase Capital 
Temporal objectives 
Short  Medium 
Long 
 
Assuming that X1 is the Temporal objectives variable, X2 is the Investment aim variable, X3 is the Age variable, 
and considering both the effects of the variable taken individually and all the possible interaction among them, four 
models will be defined (Table 5).  
          Table 5. Logit regression models. 
Models 
[1]    31 2 XX X0 i j hlogit π =b +b +b +bx  
[2]    3 1 3 2 31 2 X X X X XX X0 i j h ih jhlogit π =b +b +b +b +b +bx  
[3]    3 1 3 2 31 2 1 2X X X X XX X X X0 i j h ij ih jhlogit π =b +b +b +b +b +b +bx
[4]    3 1 3 2 3 1 2 31 2 1 2X X X X X X X XX X X X0 i j h ij ih jh ijhlogit π =b +b +b +b +b +b +b +bx
 
For each selected variable the baseline is that category for which the variable extinct has the lower frequency, that 
is, for the selected variables: 1) Temporal objectives: Short  Medium; 2) Investment aim: Management Monetary 
Liquidity  Increase Capital; 3) Age: over 65.  
According to the algorithm for the analysis of binary logistic regression (where the forward stepwise technique 
with Likelihood Ratio test and the Wald test were applied in order to select covariates most correlated with the 
extinct variable (see Agresti, 2002; Harrell, 2001)) the models [2] – [3] – [4] converged at the same final result after 
four iterations (while model [1] after only two iterations); this solution, shown in Table 6, has obviously the same 
explanatory power for all the considered models (correct pseudo-R2 = 23,6%). The possible interactions among the 
three independent variables are not significant in order to estimate the influence on the dependent variable “extinct”, 
as well as the variable Temporal objectives becomes non-significant.  
 
 
5 The linear regression is inapplicable in this study for the measurement scales: in fact the dependent variable is quantitative and it follows, 
almost asymptotically, a normal distribution Y~N(μ,σ2). In this case, the dependent variable Y is qualitative and precisely binary, it follows a 
binomial distribution Y~Bin(n,π(x)), where n is the number of observations and π(x) is the probability to have a particular dichotomous attribute.  
By the way, the logit regression (a particular case of GLM) was used.  
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             Table 6. Final results of the logit analysis. 
Variable Estimate Std. Error Wald d.f. Sign. Odds-ratio 
Constant term -3.073 0.444 47.914 1 0.000 0.046 
Investment aim (Income supplement) 1.869 0.817 5.239 1 0.022 6.481 
Age   7.958 3 0.047  
(< 35) 2.871 1.265 5.515 1 0.023 17.648 
(35-50) 1.353 1.121 1.456 1 0.227 3.869 
(50-65) 0.299 1.245 0.058 1 0.810 1.348 
 
Considering the odds-ratio values, it follows that: 1) customers whose investment aims are to integrate their 
income have a probability to pay off the relationship with the bank 6 times higher than those who intend to increase 
their income or have goals to manage the liquidity of their income; 2) compared to customers aged over 65, those 
who are under 35 have a probability to pay off their relationship with the bank 17 times higher, while the customers 
aged between 35 and 50 have a chance to become unfaithful 3 times higher.  
It's possible to assume, as logical as it is, that customer disloyalty can depend also on the performance of financial 
bank management (it regards the behavioral finance).  
So, the data provided by BPPB are quarter returns of managed portfolio and the relative benchmarks portfolio. 
The reference period runs from the 1st quarter of 2007 to the 2nd quarter of 2009. For the aims of this study, we 
calculated: (a) the increases in portfolio returns; (b) the increases in relative portfolio benchmarks; (c) the differences 
between (a) and (b). In order to verify if the customer’s disloyalty was influenced by the management efficiency of 
the portfolio performances (and, therefore, the difference between the increases in returns and the relative 
benchmarks portfolio), Table 7 shows that the factor portfolio returns poorly influenced the customer disloyalty.  
Table 7. Mann-Whitney test. 
Quarters 
Extinct (a)  Increases  
in portf. returns 
(b)  Increases  
in portf. benchmarks  
(c)  Differences  
of increases 
Mann-Whitney test for (a) Mann-Whitney test for (c) 
Not Yes U p-value U p-value 
1st quarter 2007 250 - 0.83818 0.279819 0,558361 779 0,192 1009 0,963 
2nd quarter 2007 250 - 1.59714 0.883692 0,713448 808,5 0,170 1072 0,998 
3st quarter 2007 250 - -1.03237 -0.812793 -0,219577 790 0,111 1088 0,930 
4st quarter 2007 250 - -1.17488 -0.606345 -0,568535 751 0,367 891 0,901 
1st quarter 2008 247 3 -4.15499 -4.316679 0,161689 643 0,655 675 0,806 
2nd quarter 2008 246 1 -1.68208 -1.847980 0,165900 570 0,746 617 0,995 
3st quarter 2008 245 1 -4.49100 -2.078258 -2,412742 286 0,290 398 0,895 
4st quarter 2008 241 4 -6.46346 -0.895698 -5,567762 252 0,560 209 0,322 
1st quarter 2009 240 1 2.82414 8.820493 -5,996353 35 0,245 71 0,558 
2nd quarter 2009 239 1 5.41075 12.438464 -7,027714 118 0,998 89 0,664 
 
For example, considering the minimum portfolio return in the 4th quarter of 2008, the number of the customers 
who "kept alive” their relationship with the bank was equal to 241. This result is emphasized considering the number 
of customers still alive with respect to the difference between increases (a) and (b). Using the Mann-Whitney test6 to 
verify at α=0,05 if the loyal customers (239) and the unfaithful customers (only 11) have similar values of the 
 
 
6 The Mann-Whitney test is a non-parametric test of the null hypothesis that two populations have the same mean values, and it was used in 
this analysis because it had greater efficiency than the t-test on non-normal distributions with little samples (as those of the considered variables), 
but also on normal distributions it is nearly as efficient as the t-test (see Mann and Whitney, 1947). The non-normality of distributions was tested 
using the Kolmogorov–Smirnov test. 
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variables (a) and (c), it is possible to assert that both variables are statistically equivalent in all observed quarters; 
reversing such concept, it is possible to assert that the management of portfolio performances was not the cause of 
extinction of relationships between customers and bank. 
4. Conclusions 
Customer satisfaction is a phenomenon somewhat complex to analyze. In fact, its goal isn't only to describe 
normal customer satisfaction parameters, but also it must consider latent relationships not directly perceivable 
among variables. Certainly the analysis of customer satisfaction can be conducted using the usual statistical 
techniques based on data collected through questionnaires. But in this case, the possibility that the customer doesn’t 
wish to answer or responds quickly and without care must be considered. Furthermore, to overcame this problem, 
the desire of customers, in terms of time, to benefit from banking services in portfolio choices can be considered an 
indirect and objective indicator of customer satisfaction. So, survival analysis can be considered an innovative 
technique to study customer loyalty, that banks should contemplate in their internal studies. In fact, a final result of 
survival analysis has been, for example, that customers characterized by a high risk attitude and a high financial 
experience are more likely to leave the bank over time than those who are risk averse. According to logit regression 
results, the extinction of the relationship with the bank depends (in statistical terms) just on Investment aim and Age 
class: the first result of logit regression can depend on the fact that customers, whose investment aims are to 
integrate their income, are characterized by goal preservation of their income and this would lead to extinguish their 
relationship with the bank once their desired result has been achieved; the second result of logit regression can 
depend on the fact that young customers are dynamic, always ready to change their financial investments, because 
they have more experience than those who are over 60. 
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